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Abstract 
Obstructive sleep apnea (OSA) is the most common form of different types of sleep-related breathing disorders. It is 
characterized by repetitive cessations of respiratory flow during sleep, which occurs due to a collapse of the upper 
respiratory airway. OSA is majorly undiagnosed due to the inconvenient Polysomnography (PSG) testing procedure 
at sleep labs. This paper introduces an automated approach towards identifying the presence of sleep apnea based on 
the acoustic signal of respiration. The characterization of breathing sound was carried by Voice Activity Detection 
(VAD) algorithm, which is used to measure the energy of the acoustic respiratory signal during breath and breath 
hold. The performance of our classification algorithm is tested on real respiratory signals and the experimental results 
show that the VAD is useful as a predictive tool for the segmentation of breath into sound and silence segments. 
Moreover, the system we developed can be used as a basis for future development of a tool for OSA screening. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of [name organizer] 
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1. Introduction 
Sleep apnea (SA) in the form of Obstructive sleep apnea (OSA) is becoming the most common 
respiratory disorder during sleep, which is characterized by cessations of airflow to the lungs. These 
cessations in breathing must last more than 10 seconds to be considered an apnea event. Apnea events may 
occur 5 to 30 times an hour and may occur up to four hundred times per night in those with severe SA [1]. 
The most frequent night symptoms of SA can include snoring, nocturnal arousals, sweating and restless 
sleep. Moreover, like all sleeping disorders, symptoms of sleep apnea do not occur just during the night. 
Daytime symptoms can range from morning headaches, depression, impaired concentration and excessive  
sleepiness which cause mortality from traffic and industrial accidents. However, these symptoms are not 
definitive to detect SA syndrome [2, 3]. 
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In fact, SA is not a problem to be taken lightly, since it is associated with a major risk factor of health 
implications and increased cardiovascular disease and sudden death. It has been linked to irritability, 
depression, sexual dysfunction, high blood pressure (hypertension), learning and memory difficulties, in 
addition to stroke and heart attack [2, 3]. Several treatment options for OSA patients include weight loss, 
positional therapy, oral appliances, surgical procedures and continuous positive airway pressure (CPAP). 
CPAP is a common and effective treatment especially for patients with moderate to severe OSA. CPAP 
devices are masks worn during sleep that improves oxygen saturation and reduces sleep fragmentation [4]. 
Statistics show that around 100 million people worldwide, and in the US from 18 to 50 million people, 
are suspected to have OSA. This is while more than 80% of which remain undiagnosed [5]. The trouble of 
having examinations discourages patients prone to OSA undergo at the overnight clinical research through 
polysomnographic data. Polysomnography (PSG) is a complicated procedure and certain way of assessing 
the OSA problem.  Complete PSG includes the monitoring of the breath airflow, respiratory movement, 
oxygen saturation (SpO2), body position, electroencephalography (EEG), electromyography (EMG), 
electrooculography (EOG), and electrocardiography (ECG) [6]. However, PSG has received many 
criticisms from some researchers. This is due to several reasons, including first, the inconvenience since it 
requires the patient to be connected to numerous sensors and to stay in hospital for one night. Second, it is 
expensive. The average cost for a PSG is $2,625 due to the need for the study to take place in a specially 
equipped medical facility, in addition to the requirement of having a  sleep lab staff  overnight, trained in 
‘scoring’ the resultant measurements manually. Third, a long waitlist of up to 6 months is caused by 
limited availability of PSG [7]. 
According to the American Academy of Sleep Medicine (AASM), the Apnea-Hypopnea Index (AHI) is 
used to describe the number of complete and partial apnea events per hour of sleep and it is calculated to 
assess OSA syndrome severity. OSA severity is usually determined as follows: AHI 5-15 indicates mild, 
15-30 indicates moderate and over 30 indicates severe OSA syndrome. Therefore, patients are diagnosed 
with OSA if they have five or more apnea events per hour of sleep during a full night sleep period [8]. 
Therefore, new simplified methods for diagnosis and screening of OSA are needed, in order to have a 
major benefit of the treatment on OSA outcomes. In this work, we develop an efficient algorithm for 
automatic classification of respiratory signal to detect abnormalities in breathing or breathing cessations. 
We use Voice Activity Detection (VAD) to classify respiratory signals into normal respiration and sleep 
apnea. The detection process would check for apnea attack for a time period of fifteen seconds or more.  
In the following section, we glance at a variety of sleep apnea detection methods. Section III, gives a 
general description of VAD. In section IV, the methodology of our proposed system is described. Section 
V demonstrates the results of our system. Then, we conclude our paper in section VI, and highlight some 
directions for future research. 
2. Related Work 
Over the past few years most of the related research has focused on presenting methods for the 
automatic processing of different statistical features of different signals such as thorax and abdomen effort 
signals, nasal air flow, oxygen saturation, electrical activity of the heart (ECG), and electrical activity of 
the brain (EEG) for the detection of SA.  
In our previous published research, we developed a Neural Network (NN) as a predictive tool for OSA 
using SpO2 signal and evaluated its effectiveness [9]. In addition, in [10] we further developed a model 
based on a linear kernel Support Vector Machines (SVMs) using a selective set of RR-interval features 
from short duration epochs of the ECG signal. The results show that our automated classification system 
can recognize epochs of SA with a high degree of accuracy, approximately 96.5% 
As OSA is generally caused by a blocked of the airflow airway and it is characterized by repetitive 
episodes of breathing cessation, the respiratory signal recording analysis during sleep becomes very 
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valuable in order to estimate respiratory flow and distinguish the changes in the breathing pattern of the 
patient. Then, to provide additional and complementary information, other biological signal data 
measurements such as ECG and SpO2 could be used to analyze sleep data, as clinical experience indicates 
that an apneic event is frequently accompanied by a fall in the blood oxygen saturation (SpO2) [11], and 
cyclic variations in the duration of a heartbeat (ECG); this consists of bradycardia during apnea followed 
by tachycardia upon its cessation [12]. 
Recently, based on the SpO2 and tracheal breathing sound recording analysis during sleep, the study in 
[13] reports a new fully automatic technology for OSA detection. Different parameters were investigated to 
distinguish the breathing level during each individual apnea event. Therefore, in the first step, the drops 
(more than 4%) and rises of the SpO2 signal were marked, then, the total energy of the tracheal sound 
segments within the periods between a drop and the following rise in the SpO2 were found. After collection 
of data, each parameter was then fuzzified with a sigmoid function and the fuzzy outputs were added 
together to classify the sound signals. The results show high sensitivity and specificity values of more than 
90% in differentiating normal respiration from disordered breathing in patients. 
     Several studies for the non-invasive sensing of the respiration rate are based either on the measurement 
of the nasal airflow or on the evaluation of the respiration movements (abdominal or chest respiration 
signals).  Using mean absolute amplitude analysis of the combination of the thoracic and the abdominal 
signals in [14] showed that both signals are able to indicate the occurrence of SA events. The analysis 
identification results achieved a sensitivity ranged from 70.29-86.25% and the specificity values ranged 
from 74.82 to 90.09%. 
It has been reported that snoring is a common finding in people with OSA. OSA is generally caused by 
blockage of the airflow airway. Therefore, the snoring must be due to the vibration of soft tissues when the 
airflow stimulates the ill structure in the upper airway during sleep [15]. Of all methods for diagnosing 
OSA, the formants estimation method is most widely used. The formants information contains the essential 
acoustic properties of the upper airway. It has been discovered by studies that there is a correlation between 
the state of the upper airway and the first formant frequency. A narrower upper airway usually leads to a 
higher first formant frequency. Andrew et al. [16] and [17] proposed fixed formant frequency thresholds to 
detect the hypopneic snores which must be higher than that of the typical ones.   
Various portable monitor devices already exist in the market. SleepStripTM is one of the carriages 
available in home sleep test diagnostic devices. This device has to be worn for a minimum of five hours of 
sleep, and the actual device is placed on the individual’s face where the two flow sensors (oral and nasal 
thermistors) are placed just below the nose and above the upper lip to capture the breath of the patient. For 
all the samples combined, sensitivity and specificity values ranged from 80-86% and 57-86% respectively 
[18].  
Even though most of the related studies yielded promising initial results, more improvement is needed, 
as it either requires physical attachment to a user or may be unreliable. Therefore, since apnea is a 
condition where patient pauses breathing; this can be of great concern for detecting breathing through the 
sound signal where an appropriate alarm can be released upon its cessation.  
3. Voice Activity Detection – The Principle 
In this work, the principle of voice activity detection (VAD) algorithm employed to detect the presence 
or absence of apnea on real breathing signals is described. 
Voice Activity Detector plays an important role in speech processing techniques such as speech coding 
[19], speech enhancement, and speech recognition [20]. Other examples include cellular radio systems 
(GSM and CDMA based) [21], hands-free telephony [22], VoIP applications and echo cancellation. 
VAD relies on measurement of features from speech which yield highly in differentiating between 
voiced and unvoiced segments, where the regions of voice information within a given audio signal are 
referred to as ‘voice-active’ segments and the pauses between talking are called ‘silence’ or ‘voice-
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inactive’ segments. Therefore, the performance trade-offs of VAD algorithm are made by maximizing the 
detection rate of active speech while minimizing the false detection rate of inactive segments [23]. 
The most important part in VAD classifier is feature extraction, from which   different regions in the 
audio signal can be separated. Common features used in the VAD detection process are cepstral 
coefficient [24], spectral entropy [19], zero-crossing rate [20, 25], least square periodicity measure [26], 
and average magnitude difference function [27]. Another important and widely used feature in this regard 
is signal energy, which is presented in this work, and compared with the dynamically calculated 
threshold.  
4. Apnea Detection Using VAD Based - Energy 
The general VAD block diagram used in our methodology is shown in Figure 1. 
The assumptions on the VAD algorithm used here is that the speech is quasi-stationary and its spectral 
changes quickly over short periods like 20-30ms, but the background noise is relatively stationary and 
changes very slowly with time. In addition, the energy of the active speech level is usually higher than 
background noise energy [28]. 
In the first step, the respiratory signal is filtered to remove the undesired low frequency components. 
Then, the power with different window sizes of the Fast Fourier Transform (FFT) is calculated for the 
filtered signal [29].  
Let x(t) be the input signal samples, and X(n) be Fast Fourier Transform (FFT) samples. The VAD 
algorithm begins with the energy computation within the smallest integer range of frequency values n1 and 
n2: 
ܧ݊݁ݎ݃ݕ ൌ σ ȁܺሺ݊ሻȁଶ௡ଶ௡ୀ௡ଵ                                                                                                                        (1) 
The energy of the signal is computed in two window frames; short window and long window for every 
window number  i: 
               Eshort (i) = φshort Energy + (1 - φshort) Eshort (i)                                                                                    (2) 
         Elong (i) =  φlong Energy + (1 - φlong) Elong (i)                                                                                         (3) 
The number of frames used is N/L, where N represents the number of samples in the signal and L 
represents the window size in the frequency domain. The coefficients φshort and φlong refer to the window-
length factors, where φshort = 1/16, and φlong = 1/128, and L= 528 were used in this study. 
At this point, since VAD aims to differentiate voice and silence, where silence is mostly referring to 
background noise, the noise level at every frame needs to be computed. For this purpose, a threshold THR 
value needs to be determined for comparing the signal value against noise: 
THR = ௄೑ଵିఝ೗೚೙೒ + M                                                                                                                                 (4) 
 
 
 
 
 
 
Fig. 1. A block diagram of VAD design. 
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In the above formulation, Kf is the K-th frame and M is a margin value that can be considered to 
separate voice and silence in the event that noise level is flat. 
The VAD technique eventually makes a decision by comparing every frame of the signal energy 
against the THR value. It is important to note that transitional periods from active voice to silence may also 
affect the decision.  Based on the above steps and discussions, the decision on the VAD identifier (ID) 
values is made as follows:  
 
                      1,  if Energy > THR 
VAD- ID =      1,  if Energy ≤ THR and in transitional period                                                                             (5) 
                      0,  if Energy ≤ THR and not in transitional period 
           
The outcome of the VAD technique is the separated speech and silence phases which can be fine-tuned 
for identifying breath versus breathing cessations for apnea detection.  
In our work, there is a second threshold (Tr) that would be used to decide whether a silence phase 
corresponds to apnea or not. According to the sleep apnea literature, a breathing cessation (silence) of 15 
seconds or more would be classified as apnea, as shown below: 
If    (VAD-IDj == 0) and (TVAD-IDj ≥ 15Sec) => VAD-IDj is a SA event period           (6) 
In the above relationship, TVAD-IDj corresponds to the duration of silence phase j detected by the VAD 
technique. 
The testing procedure and experimental results to evaluate the described VAD algorithm will be 
discussed through the next section. 
5. Experimental Results 
MATLAB environment was used to test our methodology on various samples of breathing signals 
during breathing and breath hold in 50 normal people. The volunteers were asked to breath 20 cycles. They 
were asked to hold their breath before, during and after the 20 cycles. The breath recording was done using 
the SONY VAIO VPCEB42FM microphone (Realtek High Definition Audio [30] professional microphone 
with the accompanying Audacity software).  
The human respiratory signal is given to the classification system as the input, and the coding is 
developed in such a way that it calculates the fundamental feature of the respiratory signal, which is the 
energy. The threshold is then applied to the extracted energy feature and the binary decision is made.  
VAD=1 is declared if the energy feature exceeds the threshold. Otherwise, VAD=0 is for no breath or 
when silence (cessations of breathing) is present.  
Figure 2 shows the results obtained from the segmentation technique of the input signal which splits the 
acoustic signal of respiration into silence and voiced phases. The start point and end point of a respiratory 
signal which contains breathing phases is determined in this work. Hence, the apnea events that are silence 
phases lasting 15s or longer can be detected. 
6. Conclusion and Future Work 
This work sought to determine the effectiveness of VAD based - energy in distinguishing the apnea in 
breathing signal. The provided respiratory signal is classified successfully with the help of the formulated 
algorithm with more than 97% accuracy. In order to detect sleep apnea in real time, the proposed algorithm 
could be improved and adjusted by adding calibration procedures to run on an FPGA [31]. After the 
successful design and implementation of the OSA system, it is planned to be experimentally tested in order  
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Fig. 2. Segmentation acoustic signal of breath using VAD 
 
to evaluate its accuracy and practicality. The tests will take place in a local hospital for a set of patients 
who have symptoms of OSA.  
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